Network enrichment analysis (NEA) is a powerful method, that integrates gene enrichment analysis with information on dependences between genes. Existing tests for NEA rely on normality assumptions, they can deal only with undirected networks and are computationally slow. We propose PNEA, an alternative test based on the hypergeometric distribution. PNEA can be applied also to directed and mixed networks, and our simulations show that it is faster and more powerful than existing NEA tests. The method is implemented in the R package pnea, that can be freely downloaded from CRAN repositories. Application to genetic data shows that PNEA detects most of the enrichments that are found with traditional GEA tests, and unveils some further enrichments that would be overlooked, if dependences between genes were ignored.
Background
The advent of high throughput technologies has driven the development of cell biology over the last decades. The diffusion of microarrays and next generation sequencing techniques has made available a large amount of data that can be used to increase our understanding of gene expression. The need to analyse and interpret these data has led to the development of new methods to infer relations between genes, that require a combination of biological knowledge, statistical modelling and computational techniques. When the first data on gene expression became available, they were usually analysed considering each gene separately. However, researchers soon realized that genes act in a concerted manner, and cellular processes are the result of complex interactions between different genes and molecules. Nowadays, sets of genes that are responsible for many cellular functions have been identified, and are collected in publicly available databases (Ashburner et al., 2000; Kanehisa and Goto, 2000) . One of the advantages of these sets of genes, whose function is already known, is that they can be used to interpret the results of new experiments: over the years, this consciousness has led to the implementation of a large number of methods for gene enrichment analysis (Huang et al., 2009) . Their aim is to compare gene expression levels under two different conditions (experimental vs control), and to detect which sets of genes are differentially expressed (enriched) in the experimental condition. To this end, genes are ordered in a list L in decreasing order of differential expression, and enrichment is then tested in different ways. Singular enrichment analysis (Robinson et al., 2002; Beißbarth and Speed, 2004) tests the over or under-representation of functional gene sets within the set of genes defined by the first k genes at the top of L. The major limitations of this approach lie in the fact that the choice of k is arbitrary, and that the test does not take into account gene expression levels. Gene set enrichment analysis (Subramanian et al., 2005; Kim and Volsky, 2005) overcomes these limitations making use of the whole list L of genes, and testing the tendency of genes belonging to a functional set to occupy positions at the top (or at the bottom) of L. A limitation that is common to both single and gene set enrichment analysis, however, is that these methods base computations on the level of overlap between sets of genes only, without considering associations and interactions between genes. Gene networks are an established tool to represent these interactions. In network inference (De Smet and Marchal, 2010; Marbach et al., 2010) , genes or cellular entities are represented as nodes of a graph and their interactions are modelled as links between the nodes. These links can be represented as either a directed or an undirected edge, and a graph is called directed if all edges are directed, undirected if every edge is undirected and partially directed (or mixed) otherwise (Lauritzen, 1996) . An undirected edge displays association between two genes, while a directed edge posits a direction in the relation between them. Network estimation represents a difficult task, and many different estimation methods have been proposed (Friedman et al., 2008; Abegaz and Wit, 2013) . Marbach et al. (2012) classified them into six groups and pointed out that their predictive performance can vary a lot within each group and according to the structure of the network. In an attempt to integrate the information on interactions between genes provided by gene networks into enrichment analysis, researchers have recently developed methods for network enrichment analysis (Shojaie and Michailidis, 2010; Alexeyenko et al., 2012; McCormack et al., 2013) . The idea, here, is to test enrichment between sets of genes in a network. Shojaie and Michailidis (2010) focused mainly on network inference, proposing to represent the gene network with a linear mixed model, so that enrichment tests can be then computed testing a system of linear hypotheses on the fixed effect parameters of the model. Alexeyenko et al. (2012) and McCormack et al. (2013) , instead, assume that a gene network is already available (either from the literature or as the result of an inferential process), and focus their attention on the strategy that can be used to test enrichment between sets of nodes. Their idea is that the presence of enrichment between two sets of genes, say A and B, can be assessed by comparing the number of links connecting nodes in A and B with a reference distribution, which models the number of links between the same two sets in absence of enrichment. Both Alexeyenko et al. (2012) and McCormack et al. (2013) assume that the reference distribution is approximately normal, and they obtain its mean and variance by means of permutations, i.e. computing the mean and variance of the number of links between A and B in a sequence of random replications of the network. Their tests rely on algorithms that permute the network, and mainly differ between themselves for the fact that each algorithm aims to preserve different topological properties of the original network. These methods, however, suffer from three limitations. First of all, they require the simulation of a large number of permuted networks, an activity that can be computationally intensive and highly time consuming (especially for big networks). Furthermore, they base the computation of the test on a normal approximation for the reference distribution, whose nature is discrete. McCormack et al. (2013) shows that such an approximation is inaccurate when the expected number of links between A and B is small. A further drawback of these methods is that have been implemented so far only for undirected networks. In the sequel we build on the approach of Alexeyenko et al. (2012) and McCormack et al. (2013) , and propose an alternative, parametric test based on the hypergeometric distribution, which we call PNEA (Parametric Network Enrichment Analysis). As we argue in section "Methods", the assumption that the number of links between A and B in absence of enrichment is distributed as an hypergeometric arises quite naturally, and enables us to model the reference distribution directly with a discrete distribution, without having to resort to a normal approximation. Because of its explicit parametric nature, PNEA does not require network permutations to compute mean and variance under the null hypothesis, and is therefore faster than the existing resampling-based methods. We develop PNEA not only for undirected, but also for directed and partially directed networks, thus providing a common framework for the analysis of different types of networks.
Methods
A network consists of a set of N nodes V = {v 1 , ..., v N } that are connected by edges (links). In biology, networks are often used to represent interactions between genes: each gene is represented as a node v i of the network, and a link between two nodes is drawn to signify interaction between the corresponding genes. A natural way to study the relation between two sets of genes A and B in a network is to consider the presence or absence of links connecting nodes in the two groups. In the inferred network, we expect that individual links may be slightly unstable and noisy. However, we do expect that the inferred links contain a sign of the relationships between functional gene sets. So, although links between individual genes in sets A and B may be noisy, if there is a functional relationship between functions described by sets A and B, then we expect the number of links between the two groups to be larger (or smaller) than expected by chance. Links between two nodes of a network can be either directed (arrows) or undirected. The presence of an arrow between two genes implies a directionality in the relation between them, whereas an undirected edge does not provide information on the direction of the relation. Thus, in a directed network it is possible to distinguish two cases: enrichment from A to B, and enrichment from B to A. In an undirected network, instead, the two cases are equivalent, so that it is only possible to assess the presence of a relation "between" A and B.
Directed networks
In a directed network, we assess the presence of enrichment from A to B considering the number of arrows going from genes in A to genes belonging to B. We denote this by n AB . The observed n AB can be thought as a realization from a random variable N AB , with expected value µ AB . To assess the relation from A to B, we compare µ AB with the number of arrows that we would expect to observe from A to B by chance, that we denote as µ 0 . We say that there is enrichment from A to B if µ AB is significantly different from µ 0 . Furthermore, we say that there is overenrichment from A to B if µ AB is significantly higher than µ 0 , and underenrichment (or depletion) if µ AB is significantly lower than µ 0 . We propose a test based on the hypergeometric distribution to assess the significance of this difference. The motivation behind this choice is the following. The hypergeometric distribution models the number of successes in a random sample without replacement: in our case, we can mark arrows in the network that reach genes in B as "successful", and the remaining ones as "unsuccessful". Then, we can view the arrows that go out from genes in A as a random sample without replacement from the population of arrows present in the graph: if there is no relation (i.e., no enrichment) between A and B, then the distribution of N AB (the number of successes in the sample) is
where the sample size o A is the outdegree of A (the total number of arrows going out from genes that belong to A), the number of successful cases in the population i B is the indegree (number of incoming arrows) of B and the population size i V is the total indegree of the network (which is equal to the total number of arrows). It is certainly possible to imagine alternative choices for the null distribution of N AB . Alexeyenko et al. (2012) and McCormack et al. (2013) assume that N AB is normal with mean µ 0 and variance σ 2 0 , and use network permuta-tions to estimate µ 0 and σ 2 0 . However, the normal distribution is continuous and symmetric, so that their choice implies somehow that the behaviour of N AB should be roughly symmetric, and could be well approximated with a continuous random variable. In addition, estimation of µ 0 and σ 2 0 by means of network permutations can be highly time consuming. Alternatively, one could could consider for N AB an hypergeometric distribution with different parameters, defined for example, considering all possible edges in the network (instead of the edges that are actually present in the network) as a population. We prefer model (1) over this alternative, because the choice of the parameters therein allows to condition on two quantities that we consider crucial (the outdegree of A, and the indegree of B), and because in our limited experience we have observed that tests based on alternative parametrizations often result into poor performances. The null mean and variance of N AB can be immediately derived from model (1). In particular, in the absence of enrichment we expect to observe, on average,
arrows from nodes in A to nodes in B. Thus, we expect µ 0 to increase as the number of arrows leaving A, or reaching B, increases. Biological assessment of enrichment can be therefore carried out testing the null hypothesis of no enrichment
against the alternative hypothesis of enrichment
In a test with discrete test statistic and two-sided alternative, the p-value can be computed in different ways (Gibbons and Pratt, 1975; Blaker, 2000; Agresti, 2013) . Let T be a discrete test statistic and t be the observed value of T . A first possibility would be to compute the p-value for the two-tailed test doubling the one-tailed p-value, p 1 = 2 min P 0 [(T ≤ t), P (T ≥ t)], where P 0 denotes the distribution of T under the null hypothesis. An evident drawback of this formula, however, is that p 1 can exceed 1, and therefore p 1 does not represent a probability. Even though a simple modification p 2 = min(p 1 , 1) could avoid the problem, we prefer to compute the p-value using
p always lies within the interval [0, 1] and differs from p 1 by a factor equal to P 0 (T = t). A p value close to 0 can be regarded as evidence of enrichment, because it entails that the number of links from A to B is significantly smaller or higher than we would expect it to be in the absence of enrichment. Therefore, for a given type I error probability α, we conclude that there is enrichment from A to B if p < α, while if p ≥ α there is not enough evidence of enrichment. As an example, consider the network in Figure 1 . Suppose that we are interested to check whether there is enrichment from the set A = {1, 4} to the set B = {3, 5, 7}. It can be observed that there are 5 arrows going out from A, and 2 of them reach B. The whole network consists of 15 arrows, of which 4 reach B. Thus, n AB = 2, o A = 5, i B = 4 and i V = 15. The idea behind (1) is that, if the 5 arrows that are going out from A are a random sample (without replacement) from the 15 arrows that are present in the network, then the proportion of arrows reaching B from A should be close to the proportion of arrows reaching B in the whole network, and in absence of enrichment we should observe on average µ 0 = 1.33 edges. In this case, it seems that arrows going out from A tend to reach B more frequently (40%) than other arrows do (27% of the 15 arrows in the network reach B). However, the computation of the p-value leads to p = 0.48: the observed n AB = 2 does not provide enough evidence to reject the null hypothesis, so that the conclusion of the test is that there is no enrichment from A to B. We can also consider sets B = {3, 5, 7} and C = {2, 5} (note that the two groups share gene 5), and test enrichment from B to C. In this case, n BC = 3 arrows out of o B = 4 (75%) reach C from B, whereas in the whole network i C = 4 arrows out of d V = 15 (27%) reach C. The null expectation is here µ 0 = 1.07; if we fix the type I error probability equal to α = 5%, the p-value p = 0.03 leads to the conclusion that there is enrichment from B to C.
Undirected networks
When dealing with undirected networks, the presence of enrichment between A and B is assessed considering the number of edges that connect genes in A to genes in B. We denote this by n AB . Given the undirected nature of the links in the network, there is no distinction between indegree and outdegree of a node, and it only makes sense to consider the degree of a node, that is the number of vertices that are linked to that node. Therefore, assumption (1) has to be adapted in the following way. Let us define the total degree of a set as the sum of the degrees of nodes that belong to it: the assumption on the random variable N AB becomes 
, the alternative that µ AB = µ 0 . The p-value is computed using formula (2). As an example, consider the network in Figure 2A and suppose that we are interested to test the presence of enrichment between the couples of sets (A, B), (A, C) and (B, C). Sets A and B are linked by n AB = 4 edges, and their degrees are d A = 4 and d B = 15, while d V = 34. Thus, µ 0 = 1.76 and p AB = 0.029. In the same way, it is possible to compute p AC = 0.44 and p BC = 0.0499. Figure 2B shows the relation between the three sets fixing α = 5%: enrichment is present between the couples (A, B) and (B, C), but not between sets A and C. 
Partially directed networks
A partially directed network (or "mixed" network) is a network where both directed and undirected edges are present. It is possible to view such a network as a directed network, where every undirected edge connecting two nodes v and w represents in fact a couple of arrows, the former going from v to w and the latter from w to v. If such an adaptation is adopted, assumption (1) can be applied and partially directed networks can be analysed within pnea as directed networks.
Software
PNEA is implemented in the R package pnea, that is freely available on CRAN 1 (Signorelli et al., 2016) . The package allows the user to specify the network in different formats, it includes functions to plot and summarize the results of the analysis and is accompanied by a set of data and examples, including those presented in Section 3.2.
Results

Performance evaluation
We assess the performance of PNEA by means of simulations. Table 1 summarizes some of the aspects of these simulations, that we present in the next two subsections. We first consider directed networks, and check whether the performance of PNEA is influenced by the degree distributions of the network, or by the level of overlap between sets of nodes. We then consider undirected networks, and carry out a comparison of PNEA with the NEA test of Alexeyenko et al. (2012) and with the LP, LA, LA+S and NP tests of McCormack et al. (2013) . We compare the performance of the methods under the null hypothesis by checking whether the empirical distribution of p-values in the absence of enrichment is uniform using the Kolmogorov-Smirnov test, and by computing the following ratios:
Number of enrichments at 1% level 0.01 × Number of tests where H 0 is true and R 5 = Number of enrichments at 5% level 0.05 × Number of tests where H 0 is true .
The idea behind R 1 and R 5 is that if H 0 is true, we expect a good test to reject it with a frequency that is close to α. So, the target value for R 1 and R 5 is 1. Furthermore, we compare the capacity of different tests to correctly detect enrichments and non-enrichments computing specificity and sensitivity at α = 5% level, and the area under the ROC curve (AUC). The specificity is the proportion of correctly detected non-enrichments, and we expect it to be as close as possible to 1−α = 95%. The sensitivity indicates the proportion of correctly detected enrichments, whereas the AUC is a measure of the overall capacity of a test to discriminate enrichments and non-enrichments across all values of α. Therefore, a test will show a good performance whenever it achieves a specificity close to 95%, and values of sensitivity and AUC as high as possible. 
Directed networks
In simulations S1 and S2, we check the performance of PNEA in two networks with 1000 nodes and different topologies. In simulation S1, the indegree and outdegree distributions of nodes follow a power law distribution with power 4 and minimum value 20. In simulation S2, indegree and outdegree distributions follow a mixture model made of two Poisson distributions, with parameters λ 1 = 40 and λ 2 = 100 and weights q 1 = 99% and q 2 = 1%. We consider 50 sets of nodes whose size ranges between 50 and 100. In both simulations, we test enrichment from A to B and from B to A for every couple of sets: this means that, in total, we compute 50 × 49 = 2450 tests. We modify the original network to introduce enrichment in 200 cases, by either increasing or reducing n AB by a proportion uniformly ranging from 10 to 50%. Table 2 shows that the empirical distribution of p-values in the absence of enrichment is approximately uniform both in simulation S1 and S2. The sensitivity is higher in simulation S2, whereas the specificity is close to the target value (95%) in both cases. As a result, the area under the ROC curve is slightly higher in simulation S2. Overall, the test shows in both cases a good capacity to discriminate enrichments and non-enrichments. In simulation S3 we check whether the proportion of overlap between sets A and B, that we measure as
could have an effect on specificity and sensitivity. We consider the same network used in simulation S2, and we test enrichment between couples of sets with fixed size |A| = |B| = 50, but with increasing overlap (we consider |A ∩ B| ∈ {0, 5, 10, 15, ..., 50}). Under H 0 we do not modify the network, whereas under H 1 we introduce enrichments adding 35 arrows going from genes in A to genes in B. For every value of overlap, we consider 2000 test (H 0 is true in 1000 cases, and false in the remaining 1000). Figure 3 shows that the specificity remains constant and close to 95% for any level of overlap; the sensitivity, on the other hand, is slightly higher when the level of overlap is moderate. 
Undirected networks
As alternative methods for network enrichment analysis are available for undirected networks only, we compare PNEA with them in two simulations where we consider two undirected networks with 1000 nodes. The degree distribution of nodes follows a power law distribution in simulation S4, and a mixture of Poisson distributions in simulation S5; the parameters of these distributions are the same as in simulations S1 and S2. Likewise, we consider 50 sets of nodes, whose size varies from 50 to 100 nodes. We test enrichment between every couple of sets A and B, so that the total number of comparisons is here 1225. We generate enrichments for 100 couples of sets by either increasing or reducing n AB by a proportion ranging from 10 to 50%. Tables 3 and 4 show the results for simulations S4 and S5, respectively. As concerns the behaviour under the null hypothesis, the distribution of p-values is uniform in both cases for PNEA and LA, and in one case for LA+S (simulation S4) and NP (S5). NEA and LP, instead, do not produce uniform distributions: as can be observed from Figure 4 , the reason is that the distribution is strongly left-skewed for NEA, whereas for LP the distribution is right-skewed (the same patterns occur also in simulation S5). In both simulations, most of the methods achieve a specificity close to 95% as expected; furthermore, PNEA exhibits the highest values of sensitivity and AUC. Thus, the superior performance of PNEA is due to a higher capacity to detect enrichments. Table 5 compares the speed of computation for the different methods. PNEA turns out to be the fastest method by far, being 22 times faster than NP (the fastest alternative) and more than 3000 times faster than NEA (the slowest alternative). This result is due to the parametric nature of PNEA, which does not require to generate a large number of permuted networks to compute the test. Figure 3: Specificity and sensitivity in simulation S3. The plot shows the values of specificity and sensitivity for different levels of overlap (every point in the plot is computed on the basis of 1000 tests). We observe that the specificity of the test does not vary substantially for different levels of overlap, and is always close to 95% as expected. The sensitivity, instead, slightly reduces as the percentage of overlap increases. Table 4 : Results of simulation S5. The best results for every column are in bold. p KS denotes the p-value of the Kolmogorov-Smirnov test for uniform distribution, AUC is an abbreviation for "area under the ROC curve". The distribution of p-values under H 0 can be considered uniform for PNEA, LA and NP, and is questionable for LA+S. PNEA shows the highest values of sensitivity and AUC, and its specificity is exactly equal to the target value (95%). 
Data analysis
The budding yeast Saccaromyces cerevisiae is a unicellular eukaryote organism that can be easily grown in laboratory. Because of these features, it represents a model organism that has been extensively studied, and it was the first eukaryote whose genome was completely sequenced (Goffeau et al., 1996) . Since then, a large number of studies has aimed to detect associations between genes. In an attempt to collect these results into a unique source, Kim et al. (2013) developed YeastNet, an undirected gene network that aims to integrate the results of a large number of high-throughput studies on Saccaromyces cerevisiae. In its most recent version (v3), YeastNet comprises 362512 edges connecting 5808 genes.
In this subsection we apply PNEA to YeastNet-v3 to analyse the Environmental Stress Response gene sets discovered by Gasch et al. (2000) , and to study the relation between the functional sets of the GOslim biological process ontology Ashburner et al. (2000) .
Analysis of the environmental stress response gene sets
After analysing gene expression patterns of yeast Saccaromyces cerevisiae in response to different stressful stimuli, Gasch et al. (2000) inferred the existence of a set of 868 genes that reacted in a similar way to different, hostile environmental changes. This set of genes, called Environmental Stress Response (ESR), is believed to constitute a coordinated, initial reaction to the emergence of any hostile condition in the cell. It consists of two subgroups of genes, containing genes that are repressed and induced under stressful conditions, respectively. We use YeastNet and 99 of the 101 gene sets that are part of the GOslim biological process ontology (we do not consider the groups "biological process" and "other" in the analysis) to enrich these two gene sets. At α = 1% level, PNEA detects 23 over-enrichments for the set of repressed genes, and 25 for the set of induced genes.
As regards the set of repressed genes, Gasch et al. (2000) report that they are involved in growth related processes, various aspects of RNA metabolism, nucleotide biosyntesis, secretion and other metabolic processes. It turns out that these results are in strong agreement with the list of overenrichments detected by PNEA, shown in Table 6 : most of the overenrichments detected by PNEA are related to RNA transcription, protein translation and nucleotide secretion (sets 2, 3, 5 and from 7 to 22 in Table 6 ), while set 1 might be evidence of a growth-related process, and set 23 is a metabolic process.
Inference for the set of induced genes is more complicated, because most of the genes in this group lack functional annotations. In this case, results obtained with PNEA match only partially the ones of the original study: groups 20, 21 and 22 in Table 7 refer to processes of cellular protection during stressful conditions, and sets 16 and 17 involve protein folding and degradation. Enrichments represented by sets 1 (metabolite transport), 2 (carbohydrate metabolism), 4 (cellular wall modification), 5 (cellular redox reactions), 10 (fatty acid metabolism) and 25 (vacuolar functions) are also coherent with the original study. On the other side, PNEA detects further enrichments: among them, groups 3, 9, 11 and 24 involve transportation processes, and seem to indicate an increased molecular transportation within the cell.
Relations between GOslim sets in YeastNet
Gene ontologies (Ashburner et al., 2000) consist of a large number of gene sets, which are involved in different cellular functions or biological processes, or that are active in a specific component of the cell. These sets of genes are typically employed to enrich sets of differentially expressed genes that have been experimentally detected (the analysis of the ESR gene sets in the previous subsection provides an example of this). However, network enrichment analysis is a more general instrument, that allows to assess the relation between sets of nodes in a network. Thus, one might wonder, for instance, whether gene sets within an ontology tend to be strongly related to each other, or to act in isolation, and whether this tendency is homogeneous across all gene sets.
As an example, we consider the GOslim biological process ontology, and study the relations between its gene sets. At first sight, gene sets within this ontology seem to be unrelated: the overlap between sets is null or small in most cases (< 10% in 97% of cases), and the average overlap between two sets is 1.6%. If, however, we do not limit our attention to the overlap between sets, but consider the association between genes in the two sets as represented in YeastNet, we obtain a different conclusion. We have used PNEA to test whether the number of links between each couple of set A and B within the ontology is significantly different from µ 0 . In a random network where no relations between the sets is present, we would expect to detect 48.5 enrichments out of 4851 tests for α = 1%; instead, what being connected by a number of links higher than µ 0 only in 1 case. To sum up, inclusion of the association in the study of the relation between gene sets can highlight relations that are not apparent, if one limits the analysis to the presence of overlap between sets. It turns out that many gene sets within the GOslim biological process ontology are highly associated to each other, even though their overlap is generally small, and that this tendency is not homogeneous: some groups are highly associated to many others, whereas some appear to be almost completely isolated.
Discussion and conclusion
Technological advances in modern cell biology have made it possible to easily measure gene and protein expression levels. These advances have resulted in a growing availability of data on hundreds or thousands of molecules, whose interpretation has required the development of new statistical tools. Networks have been used to model interactions between genes and molecules, while methods for enrichment analysis have been developed to detect groups of genes that are enriched in a given experimental condition. Network enrichment analysis is a powerful extension of traditional methods of gene enrichment analysis, that allows to integrate them with the information on connectivity between genes provided by genetic networks. Whereas gene enrichment analysis bases the test for enrichment solely on the overlap between two gene sets and ignores the relations between genes, network enrichment analysis exploits a larger amount of information making use of gene networks, and is moreover capable to detect enrichment between two gene sets that do not share genes. In this paper, we have presented a parametric test for network enrichment analysis (PNEA), that aims to overcome some of the limitations that affect the resampling-based tests of Alexeyenko et al. (2012) and McCormack et al. (2013) . First of all, we believe that a normal approximation does not make justice to the discrete nature of N AB . We have showed that this approximation can be avoided if one models N AB directly, using an hypergeometric distribution with suitably specified parameters. In addition, the normal approximation requires the computation of a large number of network permutations to compute the mean and variance under H 0 : this operation can be very time consuming and makes the computation of the test rather slow. The use of the hypergeometric distribution, instead, allows to specify the null distribution of N AB without resorting to permutations, thus speeding up computations considerably. A further drawback of existing resampling-based methods is that they have been implemented only for undirected networks. We address this problem considering different types of networks (directed, undirected and partially directed) and proposing two different parametrizations for PNEA, that take into account the different nature of directed and undirected links. We think that PNEA could constitute a simple, flexible and computationally efficient test for network enrichment analysis. Even though the focus of this paper is on gene regulatory networks, PNEA is rather general: it can be applied to networks that arise in different contexts and disciplines, when the interest is to infer the relation between groups of vertices. This can include, for example, other types of biological networks, as well as social, economic or technological networks. Our simulations show that PNEA has a good capacity to correctly classify enrichments and non-enrichments. Simulation S3 seems to indicate that the level of overlap between gene sets does not affect the specificity of the test, but can affect its sensitivity, making the detection of enrichments slightly more difficult when the level of overlap between two sets is very high. Comparison of PNEA with other methods points out that the distribution of p-values under H 0 shows systematic deviations from the uniform distribution only for two tests -NEA (left skewness) and LP (right skewness) -, and that the specificity is close to the expected value for almost all methods. In both simulations, PNEA shows the highest values of sensitivity and AUC. We have provided an example of real data analysis with PNEA enriching the Environmental Stress Response gene sets discovered by Gasch et al. (2000) . The conclusions obtained with PNEA are consistent with the description of the ESR reported by Gasch et al. (2000) : PNEA leads to the same conclusions of the original study for the set of repressed genes, whereas for the set of activated genes it partially matches the original results, and detects some further enrichments. Finally, we showed how PNEA could be used to understand the level of connectivity between sets belonging to an ontology: the example of the GOslim biological process ontology shows that, even though overlaps between its gene sets are very small, consideration of associations between genes can unveil a strong level of dependence between gene sets, that would otherwise be overlooked. et al. (2005) . Gene set enrichment analysis: a knowledge-based approach for interpreting genome-wide expression profiles. Proc. Natl. Acad. Sci. U. S. A., 102(43):15545-15550.
